Operating Characteristic (ROC) curves, the best system performance can be achieved under free 51 flow, day or night time and good video resolution.
INTRODUCTION

78
As transportation agencies seek to optimize traffic mobility and improve safety, the need for of identifying the appropriate technology that suits an agency's data collection needs.
89
Among the many data needs of transportation agencies is vehicle type classification [3] .
90
Accurate vehicle type classification data is of fundamental importance to traffic operation, 91 pavement design, and transportation planning [4] . For example, knowing the total number of trucks 92 in a section of a roadway helps in computing corresponding passenger car equivalents needed for 93 estimating the capacity of that roadway section [5] . Additionally, the geometric design [12] . In this study, two vehicle classification approaches were presented, using the SVM algorithm: 126 1) geometric-based approach and 2) appearance-based approach. While combining both geometry 127 and appearance in classifying vehicles sounds encouraging, the proposed system only classifies 128 vehicles into small, medium, and large categories; making its application limited.
129
In this paper, we propose a video-based vehicle detection and classification system for The outline of the current study is as follows: First, an overview of the proposed approach 146 to automated vehicle recognition and classification is provided. This section will highlight the 147 machine vision algorithms selected for the purposes of this study. The training and fine-tuning of 148 the algorithm will also be discussed. In the second section, a brief introduction of data used to train 
PROPOSED APPROACH
156
The vision system developed in this study decouples object recognition into two main tasks: Processing Unit (GPU) implementations such as cuda-convnet [14], Torch [18] and Caffe [18] . In 196 this study, a GeForce GTX Titan X GPU was used for model training and processing of videos.
197
Model training involved two main steps: Supervised pre-training and Domain-specific fine-tuning. 2. The input warped image is filtered with 96 kernels of size 11X11, with a stride of 4 223 pixels. This is followed by max pooling in 3x3 grid. 
232
DATA PROCESSING AND EXPERIMENTS
233
The primary sources of data for evaluating the proposed approach to vehicle recognition The vision system is trained to detect and classify vehicle according to the FHWA scheme.
243
However, some of the classes in the FHWA scheme had to be merged because of the subtle 244 differences between these classes which could not be visually differentiated in a video. The table
245
in Figure 4 illustrates the differences between the FHWA classification scheme and the proposed 246 video-based classification approach. In addition, a visual example of classes that were merged is 247 also shown in Figure 4 . Clearly, the key differences between merged classes is the number of axles.
248
The view angle and height of CCTV cameras makes it challenging to distinguish different vehicle 
Training and Test Set
258
The CCTV camera data acquired from all the different sources were divided into a training and then computed for all region proposals and a linear SVM is used to classify each object proposal.
284
Each frame of the video processed, returned an output indicating which of the 7 vehicle classes 285 was detected.
EXPERIMENTAL RESULTS AND SYSTEM'S PERFORMANCE EVALUATION
287
To evaluate the performance of the system developed, outputs from the vision system were could either belong to a class 6 or 7, however, the system classifies it as a class 6 type vehicle. buses are the simplest objects to recognize using the system developed. Hence, a 100% precision 327 rate. They are easily distinguishable from other classes as shown in the confusion matrix in Figure 8 . Due to the size of class 1 vehicle types, they are likely to be missed in poor resolution videos or 329 occluded by larger trucks hence a relatively low recall rate. rate is mainly due to occlusions from trucks.
335
Class 3 (Vans and Pickups): The system was least effective at recognizing class 3 vehicle types.
336
It is able to correctly recognize vehicles belonging to this class type only 82% of the time although the sensitivity of the system, the test database is partitioned into 8 subgroups according to the 372 combination of the factors influencing the effectiveness of the vision system developed.
373
The vision system is used to process videos from each of these subgroupings. Receiver following deductions can be drawn.
388
In general, Figure 9 shows that the true positive rates are marginally higher than the 
SUMMARY AND CONCLUSIONS
417
The performance of video-based recognition systems for Intelligent Transportation System (ITS) significantly better than during the night.
434
This performance was achieved through two main tasks. First, the selective search 435 algorithm was used to generate class-independent region proposals in order to localize and segment video-based vehicle recognition systems will also be expedient. 
